reports that, for most countries, the unconditional correlation between quarterly stock returns and consumption growth is small in magnitude and sometimes even negative. Using a bivariate GARCH framework, we examine whether the conditional correlation between stock returns and consumption is positive, even if the unconditional correlation is not. Consistent with this, we find strong evidence, both for U.S. monthly and most G7 quarterly data, that the conditional correlation between innovations in consumption growth and stock returns is positive and significant. Moreover, for six of the G7 countries, we reject the hypothesis that the correlation is constant. For three of the G7 countries (including the U.S.), the correlation is statistically higher for positive stock return shocks relative to negative stock return shocks. However, the correlation is unaffected by large movements in the stock returns for most countries. Our results support Campbell and Cochrane (1999b) , who stress the importance of time-varying conditioning information for explaining asset prices. For policymakers concerned with the effect of the stock market on the real economy, our results suggest that the policy response may need to be stronger than normal when the stock market is performing better than expected. However, extreme market conditions, whether positive or negative, should not have additional effects on policy.
Introduction
An enduring issue in financial economics is the linkage between the financial markets and the real economy. Consumption-based asset pricing models predict that expected returns should be related to the covariance between the returns and some function of real consumption (Lucas (1978) , Breeden (1979) , Grossman and Shiller (1981) , Hansen and Singleton (1982) ). Unfortunately, empirical testing has generally rejected the restrictions of consumption-based models or has obtained implausible parameter estimates (Hansen and Singleton (1983) and Wheatley (1988) ). Further, consumption-based models fare no better than, or are even outperformed by the static CAPM (Mankiw and Shapiro (1986) , Breeden, Gibbons and Litzenberger (1989) , Cochrane (1996) ), and by multifactor models (Chen, Roll and Ross (1986) , Fama and French (1993) , Jagannathan and Wang (1996), Cochrane (1996) ). Some researchers have proposed an asset pricing formula independent of consumption (Campbell (1993 (Campbell ( , 1996 , Hodrick, Ng and Sengmueller (1998) ).
In a recent paper, Campbell and Cochrane (1999b) , using simulated data from their habit persistence model (Campbell and Cochrane (1999a) ), conclude that the poor performance of consumption-based models is not evidence against such models, but against specific functional forms and parameterizations of these models. In particular, they argue for the importance of time-varying conditioning information in explaining asset prices. Consistent with this argument, Lettau and Ludvigson (1999) find that a linear conditional version of the Consumption CAPM explains a substantial proportion of the cross-sectional variation in portfolio returns.
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Campbell (1996) reports that, for most countries, the unconditional contemporaneous correlation between quarterly consumption growth and stock returns is small in magnitude and sometimes even negative. In the spirit of Campbell and Cochrane (1999b) , we reexamine the evidence on the conditional correlation between stock returns and consumption. Using 40 years of U.S. monthly data (from 1959 until 1999) , we estimate the time-varying conditional correlation between innovations in real consumption growth and real stock returns within a bivariate GARCH framework. For quarterly data (from 1970 until 1999), we provide similar evidence for the G7 countries.
Consistent with cash-in-advance models (for example, Lucas and Stokey (1987) ), we assume that consumers plan a part of future consumption expenditures. Thus, consumption growth innovations reflect the difference between the ex ante planned consumption growth and the actual consumption growth. The deviation between ex ante and ex post consumption growth may reflect liquidity shocks (such as unanticipated spending needs) or lending/borrowing constraints in financing planned expenditure. Stock return innovations are the unexpected market returns.
There are several reasons why the correlation between stock returns and consumption growth may be time varying.
1 For example, stock investors may be over-optimistic in the sense that they expect market downturns to be temporary and market upturns to persist. Alternatively, consumers may increase participation when the stock market goes up, and withdraw when the market is down. In both 1 Evidence that the stock market wealth effect is time varying (Ludvigson and Steindehl (1999) ) is consistent with the notion that the correlation between stock returns and consumption growth is time varying. 5 these cases, the correlation will be higher when there is a positive return shock to the stock market, relative to a negative stock return shock. The opposite would be true if consumers are borrowingconstrained. When the stock market performs below expectation, consumers may be forced to reduce their expenditures, and so the correlation is higher when there is a negative stock return shock.
Initially, we use a VAR model to predict consumption growth and stock returns, and then estimate the conditional correlation between the VAR innovations in consumption growth and stock returns. When we restrict the correlation to be constant, we find that it is significant and positive for the U.S. monthly and quarterly data, and for the U.K. quarterly data.
Next, we allow the correlation to depend on stock market conditions (i.e. whether the return is above or below its predicted level; and whether the return is large or small). For the U.S. monthly data and six of the G7 countries, we reject the constant correlation model. In particular, we find that for the U.S. monthly and quarterly data, the correlation between consumption growth and stock return innovations is higher when stock return shock is positive than when stock return shock is negative.
Three of the G7 countries show this kind of asymmetry effect. However, the correlation is unaffected by large movements in the stock returns. Thus, our results are consistent with the idea that stock market investors are over-optimistic and/or they participate primarily in up markets. The results are inconsistent with the notion that consumers face borrowing constraints (since this implies a higher correlation in down markets than up markets).
To check the robustness of our prediction model, for the U.S. monthly data, we add information 6 variables such as dividend yield, and short and long-term interest rates into the VAR model. 2 While the evidence is weaker, the results are qualitatively similar to the VAR model. Innovations from the augmented prediction model are also positively and significantly correlated; further, there is similar evidence that the correlation is time-varying.
Recently, there has been much debate as to whether policy should explicitly account for stock market conditions. Our result that the stock market impact is asymmetric does not, by itself, suggest that policymakers should target asset prices. As Bernanke and Gertler (1999) show, a policy of flexible inflation targeting allows central banks to protect the real economy from stock market volatility. Our result does suggest that the central banks' policy response should be stronger than normal when the stock market is performing better than expected. However, extreme market movements should have no additional impact on policy.
We do not use asset pricing theory to impose restrictions on the model parameters, in the spirit of the regression approach to predicting stock returns (Ferson and Harvey (1991) and Hawawini and Keim (1992) ). One justification for the non-theoretical approach is that there is no consensus on the correct asset pricing model. However, our results have implications for asset pricing models. For example, the representative agent model of Hansen and Singleton (1983) and the log-linear model of Campbell (1993) show that the predictable component of asset returns is linear and proportional to the 7 predictable component of consumption growth. Thus, the existence of a positive correlation between consumption growth and asset returns is a necessary condition for these models to hold. Our results also suggest that conditional heteroskedasticity should be a key feature of consumption-based asset pricing models.
The remainder of this paper is as follows. In sections 2 and 3, we describe our data and report basic statistics. Section 4 discusses our forecasting methodology and the bivariate GARCH framework.
Sections 5, 6 and 7 present the results of the prediction models and the GARCH estimates. Section 8 is evidence from other G7 countries. Section 9 concludes.
Data
We use monthly data on consumption and stock returns for the United States from January We exclude semi-durables from the measured consumption. For the U.S. and the U.K., the so-called quarterly nondurables' data include the semi-durables, so we are not able to separate the semi-durables from the nondurables. For Germany, the nondurables and services data are not available. Therefore, we use the aggregate consumption data from the International Financial Statistics (IFS) instead. 
Basic statistics
Panel A of Table 1 shows the means and standard deviations of consumption growth, stock returns, and the information variables.
Panel B of Table 1 shows the sample correlation between consumption growth, stock returns, and the information variables. The correlation between consumption growth and stock returns is 0.17.
Of the information variables, the lagged dividend yield is most correlated with consumption growth and stock returns. The lagged short-term interest rate is negatively correlated with consumption growth and stock returns. The lagged long-term interest rate is negatively correlated with consumption growth, but positively correlated with stock returns. The correlations between long-term and short-term interest rate, and between long-term interest rate and dividend yield, are quite high.
Methodology
The multivariate process for consumption growth and stock returns can be written as: We model the means of consumption growth and stock returns as a Vector Autoregression (VAR). For some parts of the analysis, we also include one-period lagged values of information variables on the right hand side of the VAR. However, the information variables do not enter into the VAR specification. Thus, the general model is written as follows:
where i=1,2. Throughout this paper, i=1 refers to the consumption growth, i=2 refers to the stock returns. L is the order of VAR. The optimal value of L is chosen according to Akaike criteria.
z is the set of information variables that include one-month-lagged values of the short-term interest rates, long term interest rates and dividend yields. We refer to the mean equations as forecasting models, since we use past information to predict the consumption growth and stock returns in the future.
The VAR model is motivated by several studies in the literature. Hansen and Singleton (1983) impose the VAR to study the time-series behavior of asset returns and consumption. Kroner and Ng (1997) model the mean of stock returns as a 10 th order VAR. As to the information variables, there is extensive empirical evidence that expected stock returns depend on variables such as the dividend yield and interest rates. Campbell (1996) studies the empirical relationships between the log price-dividend ratio, consumption growth, and the dividend growth rate, real interest rates and excess stock returns.
Interest rates are important in determining the intertemporal substitution effect in consumption (Hall (1988) ).
We use a bivariate GARCH specification to model the time-variation in the variances and covariance of consumption growth and stock returns. The specification is a first-order process denoted as GARCH (1,1). The conditional variance term for consumption growth innovation (or stock return innovation) is assumed to be a function of the squared past innovation and past conditional variance of the innovation. Initially, the conditional correlation ij r between the two innovations is assumed to be constant over time. We start from the constant-conditional-correlation model proposed by Bollerslev (1990) .
where i b represents the ARCH effect while i c represents the GARCH effect.
We use a two-stage approach to estimate the model. First, we estimate the mean equation (2) using ordinary least square (OLS) to get the residuals t e 1 and t e 2 , and then we estimate the conditional bivariate GARCH (1,1) model (3) and (4) using maximum likelihood, treating t e 1 and t e 2 as observable data. Kroner and Ng (1997) , Pagan and Schwert (1990) as well as Engle and Ng (1993) recommend 12 this two-stage approach. It has the advantage that the number of parameters to be estimated at the second maximum likelihood estimation stage is reduced. This is an important consideration for us since our sample size is not that large. Table 2 shows the results of the VAR estimation of consumption growth and stock returns. The first two columns present the results of the VAR model without adding other information variables. The pure VAR model performs better in predicting consumption growth than in predicting stock returns. The adjusted R-square is 6 percent in the consumption growth equation while -0.009 in the stock return equation. The consumption growth seems to exhibit more vector autoregressive structure than the stock returns. The consumption growth is significantly correlated with its first, second, third, seventh and eighth lags. The stock return is significantly correlated only with its fifth lag. In general, both consumption growth and stock returns tend to be positively correlated with their lags.
Estimating the Forecasting Model
The last two columns present the results of combining the VAR model with our information variables. We use the dividend yield and the short and long term interest rates as information variables.
The information variables improve the prediction power significantly. The adjusted R-square increases to 24 percent for consumption growth, and 6 percent for stock returns. This compares reasonably well with previous attempts at forecasting stock returns. For example, Hodrick et al (1999) report an Rsquare of 3.3 percent for their stock return regression.
Among the forecasting variables, the lagged dividend yield is positively and significantly related to both consumption growth and stock returns. The lagged short-term interest rate is negatively, but not significantly, related to consumption growth and stock returns. The lagged long-term interest rate is positively related to consumption, and positively and significantly related to stock returns. After adding the information variables, the stock returns tend to be negatively correlated with their own lags and with the lags of consumption growth.
In Tables 3, we 
Results for the Constant Correlation Model
In part A, we provide preliminary evidence on the sample correlations. In part B, we test the correlations formally through a constant-conditional-correlation GARCH model. Table 4 reports the sample correlation between consumption growth and stock returns, as well as between the predicted and unpredicted components of these variables. The predicted values are 14 referred to as the expected consumption growth and expected stock returns. The unexpected parts are captured in the residuals, which are referred to as the innovations in consumption growth and stock returns. Table 4 shows that correlations are significantly positive between consumption growth and stock returns, as well as between the expected part and unexpected part of consumption growth and stock returns, respectively. This is true both for the VAR model and the VAR model with information variables.
A. Sample Correlations

B. Bivariate GARCH Results for Conditional Correlations
To estimate the conditional correlation, we use the GARCH (1,1) framework described in equations (3) and (4) previously. The conditional log-likelihood function can be expressed as:
where x is the vector of all the parameters to be estimated and T is the sample size. The log-likelihood is maximized by the BFGS Quasi-Newton method with a mixed quadratic and cubic line search procedure. We use the Veall's (1990) method to formally test the hypothesis that the maximum found by the procedure is global.
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Results of the estimation are given in Table 5 . The ARCH coefficients are significant in the conditional variance equations of both consumption growth innovation and stock return innovation. This is true for both the VAR model and the VAR model with information variables. The GARCH coefficient is not significant for consumption growth innovation in the pure VAR model, but is significant in the VAR model with information variables. The GARCH effect is much more significant in the stock return innovation than in the consumption growth innovation.
Our focus is on the conditional correlation coefficient. The estimated constant conditional correlation for the VAR model is 0.18 and statistically significant. This result is quite similar to the sample correlation between the innovations in consumption growth and stock returns. Moreover, the conditional correlation is marginally significant and positive for VAR model with information variables.
Is the Conditional Correlation Constant?
In the next step, we test to see if there is a time-varying pattern in the conditional correlation. In part A, we provide preliminary evidence on the sample correlations for different market conditions and different decades. In part B, we test the time-varying correlations formally through a GARCH model. In Panel B, during the four decades, the correlations between expected consumption growth and expected stock returns are even more stable. On the whole, since the correlation between the expected parts is stable, the time-varying correlations between the innovations in the consumption growth and stock returns appear to reflect the time-varying correlations of the variables themselves 7 . It is interesting that the correlation between consumption growth and stock returns declines in the 1990's.
A. Sample Correlations
Ludvigson and Steindel (1999) also report that from the late 1980's until 1997 the wealth effect from the stock market decreases.
B. Bivariate Garch Results for Conditional Correlations
To test whether the correlation between consumption growth and stock returns is time varying
or not, we test whether the correlations change when the stock return shocks are large negative, large positive, negative, or positive. A large positive (negative) shock is defined as a stock return innovation more than one standard deviation greater (less) than its mean. A positive (negative) shock is defined as a stock return innovation greater (less) than its mean. Correspondingly, we modify the GARCH model by including dummies as follows: The results are reported in Table 7 , and are consistent with the sample correlations. The dummy coefficient for positive return shocks is significantly larger than the dummy coefficient for negative return shocks. The correlation between innovations in consumption growth and stock returns seems to be more sensitive to positive return shocks than to negative return shocks. However, the dummy coefficients for large negative return shocks and large positive return shocks are not significantly different from zero. Therefore there is no threshold effect.
Evidence from Other G7 Countries
innovations and the correlation of variable themselves.
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We impose pure VAR models at the first step regression. 8 As the second step, we use the GARCH models to test the quarterly data. The U.S. quarterly data show that the U.S. monthly results are robust. First, the constant correlation GARCH model (Table 8) confirms that the correlation between the innovations in consumption growth and stock returns is significantly positive. Second, in the Asymmetry and Threshold GARCH specification (Table 9 ), the coefficient of positive shock dummy is significantly larger than the coefficient of negative shock dummy. This implies asymmetry under different market conditions. The coefficients of large negative shock dummy and large positive shock dummy are statistically zero, which means no threshold effect.
As to the other G7 countries, Table 8 shows that U.K.'s correlation between the innovation of consumption growth and stock returns is significantly positive. The correlations of the other five countries are statistically zero.
The quarterly data show weaker correlations compared with the U.S. monthly results. One potential reason is the data frequency. Breeden, Gibbons and Litzenberger (1989) discuss the summation bias in consumption data. 'The variance of average consumption changes is shown to have only two thirds the variance of spot consumption changes.' The quarterly reported consumption is the average of spot consumption during the quarter. However, the asset return is spot data. They show that the population covariance of an asset's quarterly return with average consumption's quarterly growth is half the population covariance of the asset's return with spot consumption growth. Although monthly consumption data also have the summation bias, the bias may be less severe than the quarterly data.
The likelihood ratio test in Table 9 shows that the correlations are time varying for six of seven countries. For France and the U.K., the coefficient of the positive shock dummy is marginally significantly larger than the coefficient of the negative shock dummy. This kind of asymmetry is the same as the U.S. For Japan, the coefficient of the negative shock dummy is statistically lower, but the coefficient is negative. For Italy, the asymmetry is the opposite of the U.S. The coefficient of the negative shock dummy is significantly larger than the coefficient of the positive shock dummy. It seems that the Italians are more sensitive to negative shocks than to positive shocks to the stock market. For Japan and Canada, there seems to be some threshold effect. Japan's coefficient of large positive shock dummy is statistically positive; while Canada's coefficient of large positive shock dummy is statistically negative.
In sum, two of seven countries show the correlations between the innovations in consumption growth and stock returns are significantly positive. Six of seven countries show time-varying patterns in the correlations, although the pattern is a little bit different across countries.
Conclusion
In this paper, we examine the correlation between stock returns and real consumption growth for the G7 countries. Using 40 years of U.S. monthly data, we estimate the conditional correlation between real consumption growth and real stock returns. After controlling for short and long-run persistence in the conditional variances and covariance of innovations within a bivariate GARCH framework, we find that the correlation between consumption growth and stock returns is significant and positive. Moreover, for six of the G7 countries, we reject the hypothesis that the correlation is constant.
In particular, for the U.S. monthly and quarterly data, the correlation between consumption growth and stock return innovations is higher when stock return shocks are positive than when stock return shocks are negative. Three of the G7 countries show this kind of asymmetry effect. However, the correlation is not affected by large changes in stock returns.
For future research, we intend to identify the source of the time-varying correlation---i.e., whether it is due to higher conditional covariance and/or lower conditional variances. We also intend to test some hypothesis regarding why the correlation is relatively higher in up markets. One conjecture is that stock investors are over-optimistic and/or they participate primarily in up markets and withdraw in down markets. To test this hypothesis, we need to distinguish between the consumption of share holders and the consumption of non-share holders. It may also be interesting to check whether expenditure on consumption durables exhibit similar time-varying correlation with the stock returns.
No threshold effect seems to tell that while policymakers should recognize the effect of stock market conditions on aggregate consumption, extreme market conditions appear to have no additional effect on consumption behavior. However, we should realize that policy may be an endogenous variable 21 in determining the correlation. For example, Bernanke and Gertler (1999) characterized Fed's policy as implicit, flexible inflation targeting. A key advantage of inflation-targeting framework is that it induces policymakers to automatically adjust interest rates in a stabilizing direction in the face of asset-price instability or other financial disturbances. If this is true, the countercyclical interest rate policy may moderate overreactions in asset prices arising from market psychology and other irrational behavior. In this way, overreactions may be smoothed out and no threshold effects are captured. where for time t, R 1t is the consumption growth, R 2t is the stock return and z it-1 is the set of information variables including the dividend yield, the short-term interest rate, and the long-term interest rate. The p-values are reported in parentheses. Estimates significant at 10% level or below are in bold. We use monthly U.S. data for the period January 1959 till January 1999.
In the first two columns, we predict consumption growth and stock returns with a VAR model as follows::
In the last two columns, we predict consumption growth and stock returns with a VAR model with information variables as follows: The consumption growth innovations are the residuals from fitting the VAR model and the VAR model with information variables to the consumption growth and stock returns. The Chi-square test is for the hypothesis that none of the first eight autocorrelations in the innovations are significantly different from zero. We use monthly U.S. data for the period January 1959 till January 1999. The estimated model is:
where h 1t is the conditional variance of consumption growth innovation, h 2t is the conditional variance of stock return innovation, h ijt is the conditional covariance between the consumption growth innovation and stock return innovation. Arch refers to the coefficient b i , Garch refers to the coefficient c i and constant correlation refers to the coefficient r ij . i=1,2 with i=1 referring to the consumption growth and i=2 referring to the stock return. The t-statistics are reported in parentheses. Estimates significant at 10% level or below are in bold. We use monthly U.S. data for the period January 1959 till January 1999. The table reports the sample correlation between consumption growth and stock returns under different stock market conditions (Panel A) and for different decades (Panel B). The expected consumption growth and stock returns are predicted by the VAR model. The innovations are the residuals from the VAR model. The p-values are reported in parentheses. Large Negative (Positive) Stock Return Shock column refers to the sample correlation when the stock return innovation is more than one standard deviation smaller (larger) than its mean. Negative (Positive) Stock Return Shock column refers to the sample correlation when the stock return innovation is less than (greater than) its mean. We use monthly U.S. data for the period January 1959 till January 1999. where h 1t is the conditional variance of consumption growth innovation, h 2t is the conditional variance of stock return innovation, h ijt is the conditional covariance between the consumption growth innovation and stock return innovation. Large Negative refers to the coefficient r 1,LNEG , Negative refers to the coefficient r 2,NEG , Positive refers to the coefficient r 3,POS , and Large Positive refers to the coefficient r 4,LPOS. The Large Negative (Positive) Stock Return Shock Dummy takes the value 1 when the stock return innovation is more than one standard deviation smaller (larger) than its mean. The Negative (Positive) Stock Return Shock Dummy takes the value 1 when the stock return innovation is less than (greater than) its mean. The dummies take the value 0 otherwise. i=1,2 and j=1,2 with 1 referring to the consumption growth and 2 referring to the stock return. The t-statistics are reported in parentheses. Estimates significant at 10% level or below are in bold. We use the likelihood ratio test to test the null hypothesis that the dummy coefficients are zero. The data frequency is monthly and the sample period is January 1959 till January 1999. The t-statistics are reported in parentheses.
The estimated model is: i = 1,2
